The categorical structure-activity relationship (cat-SAR) expert system has been successfully used in the analysis of chemical compounds that cause toxicity. Herein we describe the use of this fragment-based approach to model ligands for the G protein-coupled receptor 119 (GPR119). Using compounds that are known GPR119 agonists and compounds that we have confirmed experimentally that are not GPR119 agonists, four distinct cat-SAR models were developed. Using a leave-one-out validation routine, the best GPR119 model had an overall concordance of 99%, a sensitivity of 99%, and a specificity of 100%. Our findings from the in-depth fragment analysis of several known GPR119 agonists were consistent with previously reported GPR119 structure-activity relationship (SAR) analyses. Overall, while our results indicate that we have developed a highly predictive cat-SAR model that can be potentially used to rapidly screen for prospective GPR119 ligands, the applicability domain must be taken into consideration. Moreover, our study demonstrates for the first time that the cat-SAR expert system can be used to model G protein-coupled receptor ligands, many of which are important therapeutic agents.
A categorical structure-activity relationship analysis of GPR119 ligands 1 . Introduction G protein-coupled receptors (GPCRs) are a large family of seven-transmembrane domain receptors that respond to diverse external signals and transmit information to signalling pathways inside the cell. GPCR activation via ligand binding often results in the generation of second messengers that regulate a broad range of physiological functions. G protein-coupled receptor 119 (GPR119) is a member of the class A (rhodopsin-type) GPCR family, which is highly expressed in pancreatic β-cells and in enteroendocrine cells of the gastrointestinal tract [1] [2] [3] [4] . GPR119 agonists have been shown to increase insulin secretion and inhibit appetite [1] [2] [3] [4] . As a result, GPR119 has recently emerged as a novel and promising therapeutic target for both type 2 diabetes (T2D) and obesity [1] [2] [3] [4] .
Agonist binding to GPR119, which is coupled to Gαs, a heterotrimeric G protein, results in an increase in intracellular cyclic adenosine monophosphate (cAMP) by activating adenylate cyclase [5] . There are at least two mechanisms by which GPR119 agonists stimulate insulin release: 1) increased cAMP signalling results directly in an enhancement of glucose-dependent insulin release [6, 7] , or 2) increased glucagon-like peptide 1 (GLP-1) levels which further stimulates glucose-dependent insulin secretion [6, 7] . Furthermore, GLP-1 inhibits glucagon secretion, appetite, and gastric emptying [7, 8] .
The broad interest in discovering novel, orally effective GPR119 agonists as potential therapies for T2D and obesity has resulted in the development of many synthetic GPR119 agonists over the past several years [1] [2] [3] [4] . Recently, GPR119 agonists have already reached the stage of being investigated for clinical use [9] [10] [11] [12] .
Structure-activity relationship (SAR) modelling is a method designed to ascertain relationships between chemical structure and qualitative biological activity of ligands. Quantitative SAR and qualitative SARs are relationships that are derived from continuous data (e.g. biological potency) and non-continuous data (e.g. active or inactive), respectively.
The lack of an X-ray crystal structure for GPR119 hinders the ability to understand how ligands bind and interact with this receptor. As such, the aim of the current study was to vigorously investigate the relationship between chemical structure and biological activity by employing a fragment-based qualitative SAR expert system, cat-SAR, to study GPR119 ligand characteristics.
The cat-SAR expert system is flexible and user-friendly in the development of the learning set and model parameterization [13] . Cat-SAR analysis permits the user to designate adjustable modelling parameters including the selection of the size of the two-dimensional fragments, inclusion or exclusion of hydrogen atoms in the analysis, and rules for selecting important fragments for the final model [13] . Hence, the selection of compounds included in the learning set and control over various model parameters provides the user with the ability to more thoroughly investigate the relationship between chemical structure and biological activity [13] .
Cat-SAR models are built through a comparison of structural features found amongst categorized compounds (active and inactive) in the model's learning set [13] . Fundamentally, the cat-SAR approach is transparent in the development of the learning set, the identification of fragments, and the determination of important fragments [13] . Moreover, the approach permits a high degree of user involvement and model optimization during the modelling process. This method includes the ability to examine the entire fragment base, investigate and optimize the fragments that have hypothetical biological relevance. In previous analyses, the cat-SAR program was able to achieve an overall concordance between observed and predicted values of 92% for a set of chemicals assessed for their ability to induce respiratory hypersensitivity [13] and 78-84% for a set of rat mammary carcinogens [14] .
Moreover, since cat-SAR is based on the analysis of categorical data and two-dimensional fragments versus intact chemicals, the program can examine data sets that are divided into categories of activity rather than degrees of potency as in the case of QSAR [13] . Thus, in contrast to Hansch and conformational molecular field analysis (CoMFA) approaches which require continuous-type data, cat-SAR functions by identifying molecular attributes associated with biological activity by comparing characteristics of active (e.g. compounds known to act as agonists for GPR119 to inactive (e.g. compounds known to not activate GPR119) compounds. The models and subsequent predictions based on this can be used to examine structural features associated with activity and predict the probability of activity of unknown compounds, respectively [13] .
Recently, a hierarchical virtual screening study [15] was carried out to identify novel agonists for the β 3 -adrenergic receptor, a GPCR. The approach consisted of pharmacophore 892 P. Kumar et al.
modelling, docking and virtual screening which resulted in the identification of possible leads as novel β 3 -adrenergic receptor agonists [15] . Herein, we describe the development of several novel GPR119 SAR models using the cat-SAR expert system to analyse the structural attributes of compounds that activate GPR119 and report predictive and mechanistically insightful SAR models for GPR119 activation. Overall, the cat-SAR models discussed herein for GPR119 activation demonstrate a high degree of predictive ability and mechanistic interpretability and may be useful for screening new drug candidates for this GPCR. These models can potentially be used to virtually screen large compound libraries to identify novel GPR119 ligands.
Materials and methods 2.1 Materials
The cat-SAR models are generated through an evaluation of structural features found amongst two designated categories of compounds in the model's learning set: Active or Inactive. The cat-SAR learning set consists of the chemical name, its structure as a MOL2 file, and its categorical designation (e.g. one or zero for active and inactive, respectively). Typically, organic salts are included as the freebase and simple mixtures and technical grade preparations may be included as the active component. Metals, metalo-organic compounds, polymers, hydrogen atoms, and mixtures of unknown composition are excluded.
The active data set consisted of 222 compounds that were collected from literature sources (see Supplementary Material, available via the Supplementary Content tab on the article's online page at http://dx.doi.org/). The inactive data set (See Supplementary Material) consisted of compounds determined not to activate GPR119 (less than 10% of AR231453 activity) at a concentration of 10 μM. Previously, we have validated a high-throughput cAMP assay for screening GPR119 ligands [16] . Using this assay, in the current study, we experimentally tested the compounds in three commercially available libraries (FDA-approved drug library, NIH clinical collection, and Tocriscreen) as potential GPR119 agonists. The FDAapproved drug library was purchased from Enzo Life Sciences (Farmingdale, NY). The NIH clinical collection was purchased from Evotec, Inc. (San Francisco, CA). The Tocriscreen library was purchased from R and D Systems, Inc. (Minneapolis, MN).
Our experimental screen did not result in the identification of any agonists, but resulted in the determination of 1000 inactive compounds. Four sets of 222 randomly selected inactive compounds were produced to generate four replicate models (standard 222 active and random 222 inactive). Therefore, we were able to assess the stability of the derived models. This approach prevented the chance of selecting 222 inactive compounds that produced a 'good' model. Therefore, we built four models consisting of 222 active and random sets of 222 inactive compounds.
The cat-SAR program provides for a number of user-specified options, so there is no a priori determination of the parameters in the final model. As such, we have developed and reported herein four different cat-SAR GPR119 models. With the ability to vary modelling parameters some can extend past the structural range of the learning sets and must be taken into consideration. For example, the fragment length parameter for the models described herein was set from three to seven heavy atoms (described below). Thus, chemicals of only three heavy atoms contributed their entire chemical structure as one fragment. Likewise, compounds consisting of less than three heavy atoms contributed no fragments to the model.
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Methods
In silico chemical fragmentation and fragment clustering
Previous cat-SAR models used the Tripos Sybyl HQSAR module to generate chemical fragments. We have developed a novel algorithm for the in silico fragmentation of compounds. For each compound the respective MOL2 file was used to generate a computational unordered graph, represented by G(V,E) where V is the set of vertices (atoms) and E is the set of edges (bonds) that connect a given pair of vertices. Next, each vertex was iterated over and all unique, connected subgraphs within six edges -the maximum fragment length -containing that vertex were identified, after which the given root vertex was removed from the graph for the remaining iterations. These subgraphs serve as mathematical representations of the chemical fragments. To convert the subgraphs to usable canonical SMILES, a Depth First Search of each subgraph was performed and the resulting SMILES was assigned using methodology derived from the CANGEN process of Daylight Chemical Information Systems. As in previous cat-SAR models [14, 17, 18] , chemical fragments that serve as valuable descriptors of activity/inactivity were identified and retained. However, there remained a high degree of redundancy between many of these fragments (based on similar chemical structures and derivation from mostly the same compounds). To ease in model interpretation and increase model accuracy and efficiency, this redundant fragment information was condensed by clustering the fragments. The clustering methodology utilizes the Tanimoto Similarity Coefficient and compound derivation similarity to determine relatedness between any two fragments. If two fragments share a Tanimoto Coefficient ≥70% and are present in ≥70% of the same compounds, those two fragments are then determined to be related. Once every possible combination of two fragments in the model was tested for relatedness, a second graph was generated with the vertices representing fragments and the edges representing relationships (either related or non-related). A clustering algorithm was then used to generate all fragment clusters. The clusters contained anywhere from a single fragment to over a hundred fragments, with each clusters activity being representative of the activity of each of their members.
Identifying 'important' fragment and fragment clusters of activity and inactivity
As mentioned, four fragment models were developed leading to the ultimate development of one cluster model (our final model). These four fragment models were used for preliminary analysis and the best model was chosen for cluster analysis and final model (cluster model) development. The general mechanism for identifying and selecting fragments or fragment clusters are similar, and are described together.
To determine any association between each fragment or fragment cluster and biological activity (or inactivity), a set of rules was implemented to select 'important' active and inactive clusters. The first selection rule -or the Number Rule -is the number compounds in the learning set that contain fragment(s) derived from a given cluster, which -in this exercisewas set at between three and five compounds. Looking at clusters that come from between three and five compounds in the learning set, models derived in the three to five range would be more inclusive (i.e. higher coverage), while those in the four to five range would be more accurate (i.e. higher concordance).
The second rule concerns the proportion of active or inactive compounds that contribute to each cluster and in this study ranged from between 85% to 95%. Even if a particular cluster is associated with activity, there may be other factors (i.e. clusters) that contribute to it 894 P. Kumar et al.
being inactive, and would not be expected to be found in 100% of the active compounds. For inactive fragments, a comparable argument can be made. Thus, by taking into account clusters toward the lower high end of the proportion scale (e.g. derived from 60% active and 40% inactive) model would be expected to again be more inclusive (i.e. higher coverage) while those derived from the higher end of the proportion scale (e.g. 90% active and 10% inactive) would be more accurate (i.e. higher concordance).
Rule optimization
As in previous cat-SAR models [14, 17, 18] , setting of parameters for selecting important fragments (fragment compound counts and fragment activity proportion values) was used, with this experiment applying the same rules to fragment clusters. For these analyses, a rule optimization routine was employed wherein the Number Rule varied between 1 and 9 fragments or fragment clusters and the Proportion Rule varied between 0.50 and 0.95. Leave-one-out (LOO) validations were then performed for each model. The final models were chosen that were both highly accurate (i.e. had a high concordance between experimental and predicted values) and highly inclusive (i.e. made predictions on >90% of the chemicals in the learning set).
Model validation
A self-fit (i.e. leave-none-out (LNO)) and two cross-validations (i.e. LOO and multiple leavemany-out (LMO)) were performed for each model. The purpose of the self-fit analysis was to determine if the model that was built could be used to predict the activity of the chemicals in its learning set to confirm that the model could at least fit its own data [18] as well as mechanistic studies since all available data is used to generate a final model. For the LOO cross-validation, each chemical, one at a time, was removed from the total fragment or cluster set and the n -1 model was derived. For the LMO cross-validation, randomly selected sets of 10% of the chemicals were removed from the total cluster set and the n -10% model was derived. Using the same criteria described above, the activity of the removed chemical was then predicted using the n -1 model or n -10% model. Predicted versus experimental values for each chemical or for the chemicals in the left-out sets were then compared and the model's concordance, sensitivity, and specificity were calculated [18] , where Concordance = Correct predictions / Total predictions, Sensitivity = Correct positive predictions / Total positive predictions, Specificity = Correct negative predictions / Total negative predictions.
The cat-SAR predictions are based on the active and inactive fragment clusters. The predicted activity of a chemical is calculated based on the average probability of all the active and inactive compounds contributing to its fragment clusters. One method to classify compounds back to an active or inactive category is to determine an optimal cut-off point that best separates the probabilistic prediction of active and inactive compounds derived from the LOO validations [17] . Depending on the purpose of the model, the cut-off point can be adjusted wherein a model with the best overall concordance can be selected (i.e. a most predictive model), one with equal sensitivity and specificity (i.e. a balanced model that does not overly predictive active compounds at the cost of wrongly predicting inactive ones and vice versa), or one with high sensitivity.
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Predicting activity
The resulting list of fragment clusters can then be used for mechanistic analysis, or to predict the activity of an unknown compound from the final model [17, 18] . In order to predict the activity of an unknown compound, the cat-SAR program determines which, if any, clusters from the model's collection of important fragment clusters are present in the unknown or test compound [17, 18] . If none are present, no prediction of activity can be made for the compound (i.e. there are no default predictions of inactivity or activity). If one or more clusters are present, the number of active and inactive compounds containing each cluster is determined and the probability of activity or inactivity is then calculated based on the total number of active and inactive compounds that went into deriving each of the fragment clusters [17, 18] . The probability of activity was calculated with the cat-SAR FragSum routine [17, 18] . This method calculates the average probability of the active and inactive clusters contained in each compound and is weighted to the number of active and inactive compounds that contribute to each cluster. For example, if a compound contains two clusters, one being found in 9/10 active compounds in the learning set (i.e. 90% active) and the other being found in 3/3 inactive compounds (i.e. 0% active), the unknown compound will be predicted to have a probability of activity of 69% (i.e. 9/10 actives + 0/3 actives = 9/13 actives or 69% chance of activity).
Results and discussion
Overview of predictive performance of the cat-SAR GPR119 models
The self-fit analysis of all models yielded concordance between experimental and predicted results averaging 99%. Considering the LOO validations with the FragSum method to calculate the probabilities of activity, the best GPR119 model had a concordance of 99%, a sensitivity of 99%, and a specificity of 100% (Model 1, Table 1 ). This model made predictions on 438 of the 440 chemicals in the learning set (no default prediction, see section 2.6 for description). The GPR119 models were also cross-validated with LMO. The GPR119 Model 1 had a concordance of 97%, a sensitivity of 95%, and a specificity of 99%, (Table 1) .
Comparison of models
Using the difference between two proportions test, analysis of each set of four models derived from the random selection of inactive compounds indicated that the models had approximately the same concordance. For example, there was no significant difference between the four models. Model 1 correctly predicted 438 correct compounds out of 439 predictions (99%), and Model 2 correctly predicted 434 compounds out of 435 predictions (99%) (p = 0.02). Likewise, Model 3 correctly predicted 437 compounds out of 439 predictions (99%), and Model 4 correctly predicted 434 compounds out of 435 predictions (99%) (p = 0.01). This indicates that the accurate predictions made by the models were not spurious events based on a fortuitous random selection of 'good' compounds (i.e. random selections of 222 inactive compounds from the 1000 compound inactive set) and thus provides assurance that the models are based on a sound foundation and are not providing arbitrary predictions or mechanistic assertions. Since there was no significant difference between the four fragment models, we used Model 1 for cluster analysis and final model (cluster model) development.
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Analysis of compounds in the training set
The two significant pharmacophores consist of: (1) an aryl or heteroaryl moiety substituted with a hydrogen bond-accepting group on one part of the molecule and (2) a piperidine moiety N-capped with a carbamate or an isosteric heterocycle on the opposite side of the molecule. These two motifs are connected via an appropriate central spacer containing a heterocyclic ring or an acyclic chain [19] . Our clustering analysis of AR231453 indicates that the nitro-pyrimidine core and the presence of a sulfone moiety are responsible for AR231453 agonist activity. Furthermore, analysis of AR231453 resulted in several clusters that indicated the presence of critical hydrogen bond acceptors that is consistent with a previous report [20] . In addition, several clusters contained a sulfone group that has previously been described as a key functional group for AR231453 as shown in Figure 1 . Specifically, our clustering analysis of AR231453 resulted in the generation of five clusters (Cluster 53, Cluster 113, Cluster 129, Cluster 177, and Cluster 503), of which a representative fragment from each group is shown (Figure 1) , which are associated with the activity of this compound.
The SAR analysis of PSN632408 has also been described [19] . Through extensive SAR analysis, it was determined that the N-capped piperidine motif is required for GPR119 agonist activity. Our clustering analysis of PSN632408 resulted in the generation of five clusters (Cluster 54, Cluster 135, Cluster 188, Cluster 234, and Cluster 444), of which a representative fragment from each group is shown, that are associated with the activity of this compound (Figure 2 ). This analysis is consistent with a previous report [19] , wherein the N-capped piperidine core with a carbamate was determined to be responsible for PSN632408 agonist activity.
Analysis of compounds not in the training set
Several of the known GPR119 agonists have evolved from the prototypical compounds 2-fluoro-4-methanesulfonyl-phenyl)-{6-(4-(3-isopropyl-(1,2,4)oxadiazol-5-yl)-piperidin-1-yl}-5-nitro-pyrimidin-4-yl}-amine (AR231453) [20] and tert-butyl 4-{(3-pyridin-4-yl-1,2,4-oxadiazol-5-yl)methoxy}piperidine-1-carboxylate (PSN632408) [21] . In addition to the internal validations performed (LOO, LMO), we performed an external validation in which we used our model to predict the activities of 45 compounds (external test set) which were not present in the training set. The purpose of this was to ensure the robustness of our model by testing the hypothesis that it could accurately predict the activity of compounds not in our training set.
Of these 45 compounds, 14 were known GPR119 agonists while 31 were not agonists for GPR119 confirmed by cAMP assay. The 14 known agonists consisted of compounds that can be structurally classified in two groups: 1) bicyclic amine scaffolds and 2) pyrazolopyrimidine scaffolds. These 14 known GPR119 agonists were selected from patents and literature sources (see Supplementary Material). The 31 inactive compounds consisted of compounds which do act as agonists for GPR119 at concentrations up to 10 μM, which we experimentally confirmed using our established HTRF assay [16] . These inactive chemicals consisted of compounds originating from three distinct chemical libraries (FDA, NIH clinical collection, Tocriscreen) ensuring structural diversity (see Supplementary Material). Our GPR119 model 1 had a 78.6% success rate in correctly predicting 11 out of 14 as GPR119 agonists. Furthermore, our model had a 90.3% success rate in correctly predicting 28/31 as inactive 
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899 compounds (not GPR119 agonists). Overall, the model achieved an 86.7% success rate in correctly predicting the activity of compounds in the test set. Recently, Wu et al. synthesized a series of piperazinylpyridine derivatives as GPR119 agonists [22] . Through SAR analysis, compounds with alkylsulfonamide and isopropylcarbamate end groups displayed potent GPR119 receptor activity [22] . Our clustering analysis of propan-2-yl 4-([6-[4-(propane-1-sulfonyl)piperzin-1-yl]-oxy)methylpiperidine-1-carboxylate (Wu Compound 19A) resulted in the generation of three clusters (Cluster 36, Cluster 64, and Cluster 435), of which a representative fragment from each group is shown, which are responsible for the activity of this compound (Figure 3) . Our fragment analysis indicates that the sulfonamide and carbamate groups are important for Wu Compound 19A agonist activity, which is consistent with previously reported SAR of this compound [22] .
Previously, in a separate study, Sakairi et al. disclosed a novel series of GPR119 agonists based on a bicyclic amine scaffold [23] . Through SAR analysis of Wu Compound 19A, it was determined that the basic nitrogen atom of the bicyclic amine played an important role in the production of GPR119 agonist activity [23] . Furthermore, Sakairi and coworkers showed that the carbonyl group on the bicyclic core represented a better pharmacophore than a sulfonyl group [23] , which is consistent with our results.
The first ligand-based pharmacophore model of GPR119 was developed by Zhu and coworkers to obtain a hypothetical picture of the chemical features responsible for activity [24] . Pharmacophore models were generated with 24 known GPR119 agonists using Discovery Studio V2.1 [24] . The application of this model was able to predict the activity of 25 known GPR119 agonists with a correlation coefficient of 0.933. Wellenzohn and coworkers recently described the application of a virtual screening technique that was used to identify novel GPR119 agonists [25] . The virtual screening process consisted of an activity anchor and the use of feature tree fragment space searches which was followed by a 3D post-processing step [25] . The in silico results were then filtered and prioritized and combinatorial libraries of target molecules were synthesized. This method resulted in the discovery of two new structural classes of potent GPR119 agonists, one of which has progressed as a novel lead class [23] . A key difference between our modelling approach and Zhu and coworkers [24] is that cat-SAR is based on the analysis of categorical data and two-dimensional fragments versus intact chemicals [17] . This allows the program to examine data sets that are divided into categories of activity rather than degrees of potency [17] .
3.5
Applicability domain of models It should be noted that even though our models have high specificity, high sensitivity, and high concordance values, the predictive ability is limited by the model's applicability domain (AD). The AD refers to a theoretical region in the space defined by the descriptors of the model which provides insight into the development and applicability on which the training set can make reliable prediction for unknown compounds. As far as a potential virtual screening tool, the AD of our GPR119 models is somewhat constrained by the lack of diversity of the structures of the active set. To be useful as a virtual screening tool, it would be necessary to sort and rank the compounds that were predicted as potential ligands and compare the structures to the active compounds in the training set. Then, we could make ad-hoc decisions on whether or not to test these potential ligands.
Conclusions
We report, for the first time, the application of a fragment-based modelling approach using the cat-SAR expert system to model GPR119. The good predictive ability of these models to understand 2-D molecular fragments indicates their potential usefulness in investigating the relationship between GPR119 ligand structure and activity, as our model was able to correctly predict the activity of compounds outside of the training set.
It is expected that the generated information could be used to identify the chemical moieties specific to GPR119 activity. Thus the cat-SAR expert system produces models which are predictive and are based on mechanically sound attributes. Most importantly, our study is the first to demonstrate that the cat-SAR expert system can be used to model a GPCR. Overall, we have generated a model that can be potentially used to virtually screen large databases with high specificity, high sensitivity, and high concordance, but the AD must be taken into consideration.
